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Abstract
Long-term total phosphorus loads from 17 urban catchments in the USA were predicted using five different
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harmonic mean and flow-weighted mean). Overall, the flow-weighted mean concentration produced the most
accurate predictions of long-term loads. The geometric mean produced the second most accurate predictions.
Along with the median and harmonic mean, the geometric mean predicted long-term load relatively well at
most catchments exhibiting negative correlations between event mean concentration and total event runoff
depth. However, they significantly underestimated long-term load at catchments exhibiting a positive
correlation between these variables. Better estimates of long-term load at these two catchments were
produced using the flow-weighted mean and arithmetic mean. However, the arithmetic mean tended to
overestimate long-term load at the remainder of catchments.
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Long-term total phosphorus loads from 17 urban catchments in the USA were predicted using five different measures
of central tendency defining site mean concentration (arithmetic mean, geometric mean, median, harmonic mean and
flow-weighted mean). Overall, the flow-weighted mean concentration produced the most accurate predictions of
long-term loads. The geometric mean produced the second most accurate predictions. Along with the median and
harmonic mean, the geometric mean predicted long-term load relatively well at most catchments exhibiting negative
correlations between event mean concentration and total event runoff depth. However, they significantly under-
estimated long-term load at catchments exhibiting a positive correlation between these variables. Better estimates of
long-term load at these two catchments were produced using the flow-weighted mean and arithmetic mean.
However, the arithmetic mean tended to overestimate long-term load at the remainder of catchments.
Notation
Ca arithmetic mean
Cfw flow-weighted mean
Cg geometric mean
Ch harmonic mean
EMC event mean concentration
La accumulated pollutant load (kg/ha)
Lm maximum pollutant load accumulating on catchment
surface (kg/ha)
LT total load at a catchment (mg)
Lt total pollutant mass washed from catchment surface
(kg/ha)
L0 initial pollutant mass on catchment surface (kg/ha)
N number of catchments
n number of sampled storms
TFRD total runoff depth (mm)
ts time since the previous storm event (days)
Vi total volume of runoff for storm i (mm)
VT total runoff volume at a catchment (l)
w empirical washoff coefficient (per mm)
x accumulation rate (per day)
yj observed long-term load for catchment j (mg)
ŷ j predicted long-term load for catchment j (mg)
1. Introduction
Eutrophication is a major problem in surface waters throughout
the world. Urban stormwater runoff is a significant contributor of
nutrient loads, which are the major cause of eutrophication in
receiving waters (Taylor et al., 2005). The nightly algal respira-
tion associated with algal blooms may deplete dissolved oxygen
concentrations to levels that are no longer able to support aquatic
life (Paerl, 2006; Thomann and Mueller, 1987). This problem is
further exacerbated when the algae die off and are converted back
to their basic constituents. The decreased diversity of aquatic life
(Ferreira et al., 2007; Hilton et al., 2006) may then adversely
affect the balance of the ecosystem (Burian et al., 2001; Ferreira
et al., 2011). As a result, it has become important to quantify
nutrient exports into surface waters.
The response time of many surface waters to the impact of
nutrient exports may be of the order of several years (Huber,
1992). Therefore, long-term water monitoring programmes are
potentially required to adequately quantify nutrient exports. How-
ever, attaining water quality data is both time-consuming and
expensive (Brezonik and Stadelmann, 2002; Driver and Tasker,
1990; Mourad et al., 2005a, 2006; Sliva and Williams, 2001).
This has created the need to forecast long-term nutrient loads.
Process-based models based upon fundamental physical relation-
ships have wider domains of applicability than statistical models
(Maier and Dandy, 1996). The most common group of process-
based models used in urban stormwater quality applications are
buildup–washoff models, which replicate the two main processes
influencing the accumulation and transport of pollutants in urban
stormwater systems. Exponential buildup is the most common
function used to define the accumulation of pollutants on
impervious surfaces during dry periods (Wang et al., 2011). Park
et al. (2008) define the exponential buildup function used in the
stormwater management model as
La ¼ Lm [1 exp (xts)]1:
where La is the accumulated pollutant load (kg/ha), Lm is
maximum pollutant load accumulating on the catchment surface
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(kg/ha), x is the accumulation rate (per day) and ts is the time
since the previous storm event (days).
Most washoff algorithms assume that pollutant removal from the
catchment surface is proportional to the amount of pollutant on
the catchment surface (Zoppou, 2001). This gives rise to an
exponential washoff function
Lt ¼ L0 [1 exp (wTRFD)]2:
where Lt is the total pollutant mass washed from the catchment
surface (kg/ha), L0 is the initial pollutant mass on the catchment
surface (kg/ha), TRFD is total runoff depth (mm) and w is an
empirical washoff coefficient (per mm).
A variation of this washoff algorithm is used in the stormwater
management model (Park et al., 2008). Despite the ability of
buildup–washoff models to replicate the dominant processes
influencing urban stormwater quality, they are subject to several
limitations. Potentially significant processes are ignored, includ-
ing atmospheric scavenging, pervious area erosion, subsurface
contribution (Butcher, 2003) and instream suspension (Corbett et
al., 1997). Furthermore, most buildup–washoff models incor-
rectly assume that the majority of pollutants accumulated on a
catchment surface are removed during typical storm events (Vaze
and Chiew, 2002). This effectively hinders the calibration of such
models.
The difficulties associated with the application of complex
process-based models have created the need for simple statistical
models. Regression models and rating curves have been applied
in the past (Brodie and Dunn, 2010; Davis and Birch, 2010;
Jewell and Adrian, 1982; Maniquiz et al., 2010; Mourad et al.,
2005b, 2005c; Vaze and Chiew, 2003). However, the accuracy of
such models is often restricted by a lack of correlation between
stormwater concentrations and commonly used explanatory vari-
ables such as runoff volume (Athayde et al., 1983; Huber, 1992).
Furthermore, an analysis by Mourad et al. (2006) suggested it
was no more advantageous using a regression model over a site
mean concentration (SMC) model. SMC models are simple,
generally requiring less sampling data to calibrate than more
complex buildup–washoff or regression models (Mourad et al.,
2005a, 2005b, 2005c; Obropta and Kardos, 2007).
A number of different measures of central tendency may be used
to define SMC at a given catchment: arithmetic mean (Brodie
and Dunn, 2009; Chow et al., 2011; Mourad et al., 2005a);
geometric mean (Brodie and Dunn, 2009); lognormal mean
(Mourad et al., 2005a); median (Athayde et al., 1983; Leecaster
et al., 2002; Mourad et al., 2005a); flow-weighted mean (Francey
et al., 2010; Mourad et al., 2005a, 2005b, 2005c). Mourad et al.
(2005a) compared the ability of four measures of central
tendency defining SMC (arithmetic mean, lognormal mean,
median and flow-weighted mean) to predict long-term biological
oxygen demand, chemical oxygen demand and suspended solids
loads at three catchments. The results varied between catchments
according to the data used. Despite this, it was found that the
median generally produced long-term estimates of load that did
not vary significantly, according to the number of storms used to
generate the estimate. Furthermore, it was observed that the long-
term load estimates generated using the arithmetic mean had a
significant bias compared with the observed load. However, the
analysis was limited due to the minimal number of catchments
analysed. The main objective of the current study was to identify
the optimum measure of central tendency defining SMC to
predict long-term total phosphorus loads at 17 urban catchments
in the USA.
The 17 catchments analysed in the current work were sampled
during the US Nationwide Urban Runoff Program (NURP) and
data from the program were first presented by Athayde et al.
(1983). Subsequently, regression analysis (Driver and Tasker,
1990), additional studies (May and Sivakumar, 2003, 2008,
2009a, 2009b, 2009c, 2009d) and a comparative study (Park et
al., 2009) have been carried out using the NURP data.
2. Materials and methods
The objective of this study was to determine the measure of
central tendency defining SMC that most accurately predicts
long-term total phosphorus loads in urban stormwater runoff. The
water quality data used in this study were collected by the United
States Geological Survey and the United States Environmental
Protection Agency from catchments located throughout the USA
as part of NURP. The data were converted into electronic format
by the Cahaba/Warrier Student Chapter of the American Water
Resources Association (AWRA, 1998) and used in the current
study. Sampling was undertaken at the pour point of each
catchment, using both discrete and composite samples. Flow
records at each catchment were typically collected every 5 min,
although they were occasionally collected at other regular inter-
vals.
A total of 17 catchments from the NURP study were analysed,
each containing a minimum of 12 sampled storm events. The
locations of the catchments and the catchment characteristics are
presented in Table 1 and Table 2 respectively. The majority of the
analysed catchments were small and highly impervious with large
areas of residential and/or commercial land use. Only one
catchment (catchment 6) had a large portion of non-urban land
use. Despite the low concentrations of total phosphorus asso-
ciated with storms from this catchment, it was analysed along
with the remainder of catchments.
Site mean concentrations were derived from event mean concen-
tration (EMC) data using five measures of central tendency
(a) arithmetic mean
(b) geometric mean
(c) median
82
Water Management
Volume 166 Issue WM2
Prediction of long-term urban stormwater
loads at single sites
May and Sivakumar
(d ) harmonic mean
(e) flow-weighted mean.
The SMC may be used in the determination of design storms for
the construction of best management practices. However, as in
this study, predictions of SMC are often used to quantify long-
term loads entering receiving waters such as lakes. This may then
allow determination of the risk of eutrophication.
The most commonly used measure of central tendency is the
arithmetic mean, which may be calculated from
Ca ¼
Xn
i¼1EMCi
n3:
where EMCi is the event mean concentration for storm i (mg/l)
and n is the number of sampled storms.
One of the main advantages of the arithmetic mean is that it
enables the calculation of associated confidence intervals using
an estimate of standard deviation. However, it is commonly
known that stormwater constituents are lognormally distributed
(Athayde et al., 1983; Duncan, 1999; Van Buren et al., 1997). As
a result, the arithmetic mean is likely to overestimate SMC and
produce a lower confidence interval bound that is less than zero.
This has led to the use of the geometric mean to derive estimates
of SMC. This is because the geometric mean is equivalent to the
arithmetic mean of logarithmically transformed data raised to the
base of the logarithm. Stated otherwise, it provides an accurate
measure of central tendency associated with lognormal distribu-
tions. The geometric mean Cg may be calculated from
Metropolitan area Mean annual rainfall:
mm
Mean annual average temperature: Catchments
8F 8C
Salt Lake City, Utah 432 50 10.0 1
Bellevue, Washington 945 51 10.6 2, 3
Miami, Florida 1500 74 23.3 4–6
St. Paul, Minnesota 737 46 7.8 7–11
Milwaukee, Wisconsin 738 42 5.6 12–17
Table 1. Locations of urban catchments
Catchment Drainage area:
ha
Impervious area:
%
Land use: %
Commercial Residential Non-urban
1 26 52.4 8.0 83.0 9.0
2 39 36.1 6.8 89.8 3.4
3 36 30.9 5.7 90.7 3.6
4 8 97.9 97.9 0.0 2.1
5 16 43.9 0.0 100.0 0.0
6 23 36.0 40.0 0.0 60.0
7 34 11.0 1.0 87.2 11.8
8 85 22.0 0.0 83.0 17.0
9 31 70.0 84.6 9.6 5.8
10 122 35.0 19.5 79.5 1.0
11 57 29.0 3.5 96.5 0.0
12 16 44.0 0.0 100.0 0.0
13 5 99.4 100.0 0.0 0.0
14 5 98.0 100.0 0.0 0.0
15 13 30.0 0.0 100.0 0.0
16 10 76.8 80.0 20.0 0.0
17 18 80.6 70.0 30.0 0.0
Table 2. Characteristics of urban catchments
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log Cg ¼
Xn
i¼1log EMCi
n4:
The advantage of the geometric mean is that it is not biased by
large, potentially outlying EMCs. Furthermore, an associated
standard deviation may be calculated on logarithmically trans-
formed data and used to construct intuitively correct confidence
intervals, with lower bounds always greater than zero.
The median is another measure of central tendency that may be
used to estimate the centrality of lognormal distributions. Once
again, unlike the arithmetic mean, the median is not biased by
large, potentially outlying EMCs, making it a representative
estimate of a typical value of concentration at a given site.
The harmonic mean Ch can also be used to derive an SMC
estimate for a given site; it is given by
1
Ch
¼ 1
n
Xn
i¼1
1
EMCi5:
Once again, the harmonic mean is not biased by large, potentially
outlying EMCs at a given site. This may enhance its ability to
calculate the SMC at catchments with EMCs following lognormal
distributions. However, confidence intervals may not be generated
when using the harmonic mean.
Potentially the most interesting measure of central tendency
defining SMCs used to derive long-term loads is the flow-
weighted mean. The flow-weighted mean concentration Cfw is
generated from
Cfw ¼
Xn
i¼1EMCiViXn
i¼1Vi6:
where Vi is the total volume of runoff for storm i (mm).
The flow-weighted mean is a valid approach, particularly in
situations where a significant correlation exists between EMC and
runoff volume. However, confidence intervals are more difficult
to determine for the flow-weighted mean because no universal
methodology exists to calculate the associated standard deviation
(Mourad et al., 2005a).
At each catchment, two sets of analyses were undertaken. Leave-
one-out analyses were used to determine how well the various
measures of central tendency estimated long-term load at well-
sampled catchments. Single storm events were sequentially
isolated to be used for validation, with the remaining storms used
to derive an estimate of SMC. This process was repeated until
every storm event from a given catchment had been used for
validation. Secondly, a series of cross-validation analyses was
used to determine how well the measures of central tendency
performed at catchments with limited sampling. Storm events
from a given catchment were randomly allocated into two data
sets, each containing approximately 50% of the data. One set of
data was initially used for calibration (i.e. calculating SMC) and
the other used for validation. This process was then repeated,
using different sets for calibration and validation.
The ability of the measures of central tendency defining SMC to
predict long-term loads was then evaluated. Observed event loads
were derived by multiplying EMC with event runoff volume.
Observed long-term loads were then calculated at each catch-
ment, by summating all the observed event loads. Similarly,
predicted long-term loads were also calculated at each catchment,
by summating the predicted event loads. Predicted event loads
were derived using both leave-one-out and cross-validation
analyses. During the leave-one-out analysis, an SMC estimate
was obtained for each validation storm event, using all storms
apart from the validation storm. This predicted SMC was then
multiplied by the runoff volume associated with the validation
storm to derive a predicted event load for the validation storm.
This process was repeated until each storm had been used for
validation. In this manner, predicted event loads were derived for
each monitored storm event at a given catchment. During the
cross-validation analysis, an SMC estimate was obtained using
storm events in the calibration set. Predicted event loads were
then obtained by multiplying the derived SMC by each storm
runoff volume associated with storms in the validation set. This
process was then repeated using different sets for calibration and
validation. All predicted event loads were then summated to
obtain an estimate of predicted long-term load at the catchment
of interest.
The observed and predicted long-term loads were then entered
into Equation 7 to generate an average absolute percentage error
(AAPE) associated with long-term load predictions for each
measure of central tendency
AAPE ¼ 100 3
XN
j¼1 yj  ŷ j
 =yj
 
N7:
where yj is the observed long-term load for catchment j (kg), ŷ j
is the predicted long-term load for catchment j (kg) and N is the
number of catchments. The AAPE was used to assist in the
identification of the most appropriate measure of central tendency
defining SMC to predict long-term total phosphorus loads at
urban catchments.
3. Results
Five measures of central tendency defining SMCs were used to
generate estimates of long-term total phosphorus loads from
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stormwater runoff at 17 urban catchments. The long-term load
predictions using each measure of central tendency are pre-
sented in Figures 1 to 5. The absolute percentage errors
associated with the prediction of long-term loads at each
catchment were also calculated, and then averaged. The aver-
aged errors are presented in Figure 6. In general, using a flow-
weighted mean concentration produced the most accurate
predictions of long-term loads. The second most accurate
predictions of long-term loads were derived using a geometric
mean, while the least accurate predictions were associated with
the median, harmonic mean and arithmetic mean.
Theoretically, when all available data from the catchment of
interest are used to construct the SMC using the flow-weighted
mean, it will produce a perfect prediction of the long-term load.
Equation 6 may be rewritten as follows
Cfw ¼
LT
VT8:
where LT is the total load at a catchment (mg) and VT is the total
runoff volume at a catchment (l). Rearranging Equation 8 yields
1 171615141312112 3 4 5 6 7 8 9 10
0
10
20
30
40
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Catchment
Lo
ad
: k
g
Observed Cross-validation Leave-one-out
Figure 1. Long-term load predictions using the arithmetic mean
1 171615141312111098765432
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Observed Cross-validation Leave-one-out
Figure 2. Long-term load predictions using the flow-weighted
mean
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LT ¼ CfwVT9:
which is identical to the equation used for the calculation of
long-term load. However, when all available data are not used to
construct the SMC using a flow-weighted mean, perfect predic-
tion of long-term load will generally not eventuate. In particular,
when small data sets are used, calibration of the flow-weighted
mean may be biased by large, potentially outlying EMCs. This
observation was supported by the results of an analysis conducted
by Mourad et al. (2005a) who observed that the flow-weighted
mean did not produce consistently accurate predictions of long-
term load when limited sampling data were used to generate the
estimate of SMC. As a result, it was deemed necessary to analyse
the effect of data set size upon the calculation of SMC, using all
measures of central tendency.
In general, the number of storm events used to derive the SMCs
was found to have a minor influence on the prediction of long-
term loads. However, it was observed that the flow-weighted
mean produced less accurate predictions of long-term load when
fewer storms were used to derive this measure. For this measure
1 2 3 4 171615141312111095 6 8
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45
7
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Figure 3. Long-term load predictions using the geometric mean
1 2 3 4 5 17161514131211106 7 9
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Figure 4. Long-term load predictions using the harmonic mean
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of central tendency, it was assumed that potentially outlying
values may produce non-representative estimates of SMCs at
catchments with limited sampling. This phenomenon did not
occur for the other measures of central tendency. Surprisingly, the
long-term load estimates were generally more accurate when
fewer storms were used to derive the measures of central
tendency. However, it was assumed that if even fewer storms were
used, more inaccurate predictions of long-term load would
eventuate.
Pearson correlation coefficients (Owen and Jones, 1990) between
untransformed values of total runoff depth and EMC were then
calculated at each catchment. The correlations are presented in
Table 3, along with their associated p values and the number of
sampled storms at each catchment (both totals and average
numbers per year). The correlation coefficients were assumed to
1 2 3 4 5 171615141312111096 7
0
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20
30
40
50
60
8
Catchment
Lo
ad
: k
g
Observed Cross-validation Leave-one-out
Figure 5. Long-term load predictions using the median
Catchment Pearson
correlation
p Number of storms
sampled
Total Average per year
1 0.35 0.196 15 22
2 0.01 0.977 31 14
3 0.25 0.232 24 11
4 0.44 0.018 28 14
5 0.21 0.272 28 19
6 0.29 0.063 42 19
7 0.53 0.033 17 39
8 0.53 0.060 13 32
9 0.17 0.463 21 48
10 0.12 0.617 21 48
11 0.05 0.812 25 68
12 0.49 0.103 12 10
13 0.23 0.420 14 6
14 0.42 0.158 13 57
15 0.11 0.718 14 8
16 0.31 0.298 13 11
17 0.33 0.253 14 61
Table 3. Pearson correlation coefficients between total
phosphorus EMC and total runoff depth
AM MedHMGM
0
5
10
15
20
25
30
FWM
Measure of central tendency
A
A
PE
: %
Leave-one-out
Cross-validation
Figure 6. Long-term load errors associated with each measure of
central tendency, expressed as an average absolute percentage
error (AAPE). AM, arithmetic mean; FWM; flow-weighted mean;
GM, geometric mean; HM, harmonic mean; Med, median
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assist in the determination of the most appropriate measure of
central tendency defining SMC for predicting long-term load.
Overall, only two of the analysed catchments had correlations
between total event runoff depth and EMC that were significant
at the 95% level (catchments 4 and 7). Despite this fact, it was
found that the correlation coefficients still influenced the selec-
tion of the most applicable measure of central tendency, irrespec-
tive of their significance.
The signs of the correlation coefficients between total phosphorus
EMC and total event runoff depth influenced the accuracy of the
estimates of long-term loads derived using the various measures
of central tendency. It can be seen from Table 3 that at the
majority of catchments there is a negative correlation between
EMC and total event runoff depth. This leads to a situation
whereby the accurate predictions of relatively low EMCs produce
accurate predictions of large loads. These large loads tend to
dominate the calculation of long-term loads. Hence, measures of
central tendency that accurately predict lower EMCs generally
produce accurate predictions of long-term load at these catch-
ments.
In general, the geometric mean, median and harmonic mean
systematically place more weight on the low EMCs, whereas the
arithmetic mean tends to place more weight on the larger EMCs.
The flow-weighted mean concentration, on the other hand, places
more weight on the EMCs associated with large total event runoff
depths. As a result, the flow-weighted mean concentration tends
to accurately predict long-term load, irrespective of the sign of
the correlation between EMC and total event runoff depth.
Two of the catchments analysed in the current study (7 and 13)
exhibited a positive correlation between EMC and total event
runoff depth. The geometric mean, harmonic mean and median
significantly underestimated the long-term loads at these catch-
ments. Surprisingly, the arithmetic mean also underestimated the
long-term loads at these catchments, though by not as much as
the previously mentioned measures of central tendency. In
contrast, the flow-weighted mean concentration produced rel-
atively accurate estimates of long-term load at the two catch-
ments.
The remaining 15 catchments analysed in the study exhibited
negative correlations between EMC and total event runoff depth.
The arithmetic mean systematically overestimated long-term
loads at all these catchments. As expected, the degree of over-
estimation was very low for the two catchments with very low
correlations between EMC and total event runoff depth (catch-
ments 2 and 11). In contrast, the degree of overestimation was
very large at catchment 8, which had the highest negative
correlation between EMC and total event runoff depth.
The harmonic mean underestimated long-term loads at all but
one catchment. This catchment (catchment 8) displayed the
highest negative correlation between EMC and total event runoff
depth. Surprisingly, the harmonic mean produced a more accurate
estimate of long-term load at this catchment than the flow-
weighted mean. However, the large systematic underestimations
of long-term loads at the majority of catchments were perceived
to reduce the practicality of the harmonic mean, particularly in
situations where conservative estimates are required.
The median tended to underestimate long-term total phosphorus
loads at the majority of catchments. When overestimations were
observed, they were at catchments with large negative correla-
tions between EMC and total event runoff depth. The geometric
mean also tended to overestimate long-term loads at catchments
with large negative correlations between EMC and total event
runoff depth. However, the overall number of overestimations of
long-term load was almost equivalent to the number of under-
estimations for this measure of central tendency.
When cross-validation was used to calibrate the flow-weighted
mean concentration, it tended to underestimate long-term loads at
catchments with large negative correlations between EMC and
total event runoff depth. In contrast, when a leave-one-out analy-
sis was used to calibrate the flow-weighted mean concentration, it
tended to overestimate long-term loads at these catchments.
However, overall, the flow-weighted mean concentration over-
estimated long-term loads at the majority of catchments. It was
therefore concluded that the flow-weighted mean generally
produced conservative estimates of long-term load.
Overall, three catchments were assumed to bias the average long-
term load errors associated with the various measures of central
tendency. Two of these catchments exhibited positive correlations
between EMC and total event runoff depth and the other
exhibited the largest negative correlation between EMC and total
event runoff depth. As a result, the average long-term load errors
presented in Figure 6 may not be representative of the accuracy
of each measure of central tendency at typical urban catchments.
Another method was thus used to compare the accuracy of the
various measures of central tendency. This method was based on
a comparison between the most accurate measure of central
tendency (flow-weighted mean concentration) and the remainder
of measures of central tendency. The percentage of catchments
where the long-term load error generated using the given measure
of central tendency was lower than the long-term load error
generated using the flow-weighted mean concentration was
calculated. The results are presented in Figure 7.
The flow-weighted mean concentration produced the most accu-
rate predictions of long-term load at the majority of catchments.
However, when a cross-validation analysis was used to calibrate
the measures of central tendency, the geometric mean estimate
was found to produce more accurate estimates of long-term load
at more than 40% of the analysed catchments. This suggested that
the geometric mean produced relatively accurate estimates of
long-term load at typical urban catchments with limited sam-
pling.
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Various explanatory variables presented in Tables 1 and 2 were
analysed to determine whether or not they could be used to
identify the most applicable measure of central tendency for
predicting SMC at a given catchment. As mentioned previously,
the correlation between EMC and runoff depth at a given
catchment was found to influence the selection of the most
applicable measure of central tendency. However, it was found
that no single explanatory variable could be used to predict the
strength or sign of this correlation. Therefore, in order to define
SMC at a catchment, stormwater sampling must be undertaken to
determine the correlation between EMC and total runoff depth.
This study was based upon the analysis of a single water quality
constituent – total phosphorus. However, it is important to
determine whether the conclusions from this study could also be
valid for a range of other water quality constituents. In order to
do so, Pearson correlations between EMCs and total runoff depths
were viewed for a variety of water quality constituents measured
during the NURP study, as calculated by Athayde et al. (1983).
Table 4 presents the number of significant linear correlations
(calculated using a two-tailed test at a 90% confidence interval)
at catchments with more than five monitored storms. Overall,
more significant negative correlations were viewed for the
majority of constituents. This suggests that measures of central
tendency accurately predicting the lower EMCs (i.e. geometric
mean, median, harmonic mean) are generally more applicable
than those that systematically place more emphasis on the larger
EMCs (i.e. arithmetic mean). However, significant positive corre-
lations between EMCs and total runoff depth were viewed at a
number of catchments. In particular, total suspended solids had
more positive correlations. For this contaminant, median, harmo-
nic mean or geometric mean estimates would not be applicable.
The flow-weighted mean is generally more applicable since it can
reasonably handle both positive and negative correlations between
EMC and total runoff depth.
Even though more than two-thirds of the analysed correlations
presented in Table 4 were not deemed significant, this does not
mean that the correlation between EMC and runoff depth should
be ignored. It is highly possible that weaker trends still play an
important role in determination of the measure of central
tendency best suited to forecasting long-term loads at the
majority of catchments. This situation was observed in the current
study. As a result, it may be concluded that a flow-weighted mean
is the most versatile measure of central tendency defining SMCs
at urban catchments. However, it is suggested that a more
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Figure 7. Percentage of catchments where the long-term load
error associated with the given measure of central tendency is
lower than the long-term load error associated with flow-
weighted mean concentration. AM, arithmetic mean; GM,
geometric mean; HM, harmonic mean; Med, median
Water quality constituent Total number
of catchments
Number of significant Pearson correlations ( p , 0.1)
Total Negative Positive
Total suspended solids 67 13 4 9
Chemical oxygen demand 64 24 23 1
Total phosphorus 67 20 16 4
Dissolved phosphorus 34 10 6 4
Total Kjeldhal nitrogen 64 19 18 1
Nitrogen oxides 57 17 15 2
Total copper 49 17 15 2
Total lead 59 15 13 2
Total zinc 56 19 18 1
Total 517 154 128 26
% 30 25 5
Table 4. The number of significant Pearson correlations between
EMCs and runoff depths at well sampled catchments analysed
during the NURP study (adapted from Athayde et al. (1983))
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comprehensive analysis be undertaken using data from additional
catchments and/or water quality constituents in order to prove the
universality of the conclusions from this study.
From a practical perspective, the sign of the correlation between
EMC and runoff depth is potentially the most important factor in
determining which model should be applied in a particular
circumstance. In most situations, this correlation is negative. This
indicates that, as storms progress, pollutant concentrations be-
come more diluted due to the washoff of supply-limited pollutant
built up on the catchment surface. This phenomenon is supported
by the underlying theory behind complex buildup–washoff
models. However, in some circumstances, the dilution effect does
not occur, resulting in higher pollutant concentrations for larger
storm events. This may arise from a number of phenomena.
Arguably the most likely cause is the contribution of pollutants
from pervious surfaces, which only occurs once the catchment
has become saturated later on in the storm event. As a result,
eroded soil or dissolved constituents leaching from pervious
surfaces are more likely to be prevalent in larger storm events.
Alternatively, larger storm events may increase the volume of
water entering the waterways, increasing the erosive power of the
flow, subsequently eroding or resuspending the particulate matter
that was deposited in the channels during smaller storms. This is
supported by Corbett et al. (1997), who showed that the majority
of suspended sediment in runoff during large storm events was
contributed by stream channels. This result also suggests that the
intensity of the rainfall and/or runoff may also influence pollutant
concentration, leading to the divergence from the anticipated
dilution effect of stormwater runoff assumed by most buildup–
washoff models. This limitation may be partially overcome by
separating the catchment into distinct land uses and specifying
buildup and washoff coefficients according to land use. However,
the process is made difficult by the lack of relevant literature
available (Butcher, 2003). To complicate matters further, when
such models are calibrated using at-site data, a number of non-
unique parameter solutions are often found (Obropta and Kardos,
2007), making the calibration process difficult if not impossible.
This supports the use of SMC models to predict long-term loads
exported from an urban catchment – in particular, the flow-
weighted mean.
A major limitation of the current study was associated with the
limited number of catchments analysed. This limitation may be
overcome by analysing stormwater quality for a range of other
catchments and constituents. However, even with additional
catchments, simple cross-validation analyses may still struggle to
identify the optimum measure of central tendency defining SMC
to predict long-term load. This is essentially due to the fact that
storm sample size is likely to influence the results of the analyses.
This was suggested by the current analysis, when it was found
that the results differed depending on the method used for
validation (i.e. cross-validation or leave-one-out analyses). To
overcome this problem, a reiterative analysis may be undertaken,
similar to that conducted by May and Sivakumar (2009a). In such
an analysis, storms may be separated into calibration subsets
containing between 1 and N storms (N is the total number of
storms measured at a given catchment). The available calibration
data may then be used to generate an estimate of SMC, which
can be used to generate a prediction of long-term load using data
from the validation set. This process is then repeated a large
number of times to generate an average long-term load prediction
error for each calibration set size. These errors may then be used
to identify the optimum measure of central tendency defining
SMC used to predict long-term load.
4. Conclusions
Long-term total phosphorus loads from stormwater runoff were
derived at 17 urban catchments using five different measures of
central tendency defining SMC – arithmetic mean, geometric
mean, median, harmonic mean and flow-weighted mean. Overall,
the flow-weighted mean produced the most accurate estimates of
long-term load. This was due to the fact that the flow-weighted
mean tended to place more weight on the values of EMC
associated with larger runoff depths. This resulted in the accurate
prediction of the large storm loads that dominated the long-term
load predictions at a given catchment. The geometric mean
produced the second most accurate estimates of long-term load.
However, along with the median and harmonic mean, the
geometric mean estimate tended to systematically place more
weight on the low values of EMC. This resulted in accurate
predictions of long-term load at the majority of catchments
exhibiting negative correlations between EMC and total runoff
depth. In contrast, large underestimations of long-term load were
observed at the two catchments exhibiting positive correlations
between EMC and total event runoff depth. The arithmetic mean,
on the other hand, produced more accurate predictions of long-
term loads at these two catchments. However, the arithmetic
mean tended to systematically overestimate long-term loads at
the remainder of catchments exhibiting a negative correlation
between EMC and total event runoff depth. The flow-weighted
mean, on the other hand, produced accurate estimates of long-
term loads at all catchments, irrespective of the strength or sign
of the correlation between EMCs and runoff depth, making it the
most versatile measure of central tendency for predicting long-
term load from an urban catchment. It is therefore recommended
that the flow-weighted mean be used to quantify the export of
total phosphorus from urban catchments into receiving waters in
order to determine the risk of eutrophication.
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WHAT DO YOU THINK?
To discuss this paper, please email up to 500 words to the
editor at journals@ice.org.uk. Your contribution will be
forwarded to the author(s) for a reply and, if considered
appropriate by the editorial panel, will be published as a
discussion in a future issue of the journal.
Proceedings journals rely entirely on contributions sent in
by civil engineering professionals, academics and students.
Papers should be 2000–5000 words long (briefing papers
should be 1000–2000 words long), with adequate illustra-
tions and references. You can submit your paper online via
www.icevirtuallibrary.com/content/journals, where you
will also find detailed author guidelines.
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